The patterns of fish schools, mainly of Pacific hake (Merluccius productus), were studied in the Pacific Eastern Boundary Current during summer 1992. Differences between schooling patterns and depth preferenda of fish schools in the north and south were elucidated through regression analysis of depth, size, and biomass information about fish schools, extracted from acoustic backscatter data. Hake schools appeared to be clustered, based on both visual and statistical evidence. School clusters were larger (more schools) and had more biomass in the north than in the south, but inter-cluster spacing was also larger in the north. Temperature, bottom depth and school depth all significantly affect the biomass and number of schools in these clusters as the product of their effect on individual schools and on school density. The effect of these environmental factors on school cluster biomass and numbers differs from their effect on both individual schools and numbers of schools per arbitrary transect length (e.g. 5 nmi segments). School clusters may be a widespread phenomenon for schooling fish.
Introduction
Fish schools occur in clusters. Recognizing this fact has a direct impact on how we understand the spatial distribution of fish. Relating the spatial distribution of fish school clusters to environmental factors offers a new paradigm for the study of fish spatial distribution -one that combines the density of fish school populations with parameters of individual schools.
The study of fish schools has been hampered by pelagic fish being highly mobile and difficult to observe. Theory about the formation and maintenance of schools has relied largely on anecdotal evidence or limited direct observation at sea or experiments in tanks (Radakov, 1973; Shaw, 1978; Partridge, 1981 Partridge, , 1983 Pitcher, 1983) . Fisheries acoustic surveys, commonly used to estimate fish abundance, cover broad spatial areas and are conducted fairly regularly in coastal regions of high fish abundance. As such, they are platforms of opportunity for studying the distribution of fish schools relative to their environment.
Pelagic fish distributions are influenced by their environment, as demonstrated empirically (see Swartzman et al., 1995) . In this paper I examine the relationship between fish school distribution, parameters (size, biomass, and density), and environmental conditions along the Pacific Eastern Boundary Current (EBC). This area extends over 2000 miles along the continental shelf, and has fish biomass dominated, during the summer, by Pacific hake (Merluccius productus).
Through modeling school parameters as functions of environmental factors at three levels of resolution (the individual school, schools per unit transect length, and schools in clusters), I intend to show:
1. That differences in the age of hake south to north are reflected in schools having different depth preferenda and occurring in clusters of differing size and spacing; 2. That the arbitrary division of survey transects into equal length segments can impose a bias on the resulting data that may obscure underlying environment-school relationships; and 3. That ascertaining the environmental preference of individual fish schools neglects the density of the schools, which is best included by examining school parameters inside school clusters.
Methods
Acoustic survey data were collected by the National Marine Fisheries Service (NMFS), Alaska Fisheries Science Center (AFSC) in the summer of 1992, along the EBC between California and British Columbia. These data were collected using a SIMRAD 38 kHz EK-500 split-beam system with echo integration software, i.e. the Bergen Echo Integrator (BEI; Knudsen, 1990) . This system provides high-resolution acoustic backscatter images, which, at 38 kHz are dominated by backscatter from fish with swimbladders. The BEI software produces 1000 500 (horizontal vertical) pixel images. Each pixel, located by its row and column position (corresponding to a particular latitude-longitude location and depth), has a backscatter dB level. The total horizontal range of each image is 5 nmi. The images have a horizontal resolution of about 9 m pixel 1 and a vertical resolution between 0.2 and 2 m pixel 1 , depending on bottom depth. Supporting data, integrated within the BEI system, provide bottom depth and navigation information.
Morphological image processing analysis (Swartzman et al., 1994a) was used to identify fish schools from the acoustic backscatter images. In total 1450 acoustic backscatter images were processed. A connected component algorithm (Haralick and Shapiro, 1991) converted the schools in the images to a table of school-based information after the survey was restricted to the region north of 42 N latitude and schools in the top 50 m of the water column were removed. This depth layer was omitted because it is difficult to distinguish fish schools from bubbles in this bubble-layer region ( Fig. 1) and also because hake schools, the primary target, are not common in this depth layer. The methods captured information about the schools in tabular form, identifying the major features of the schools, including their location (latitude and longitude of the centroid), crosssectional area (m 2 ), mean and variance in backscatter intensity, minimum, maximum, and average target strength within the school, and the depth of the water column under the school. A pictorial comparison of the school data, obtained from the table for an image, and the original image demonstrates the transformation of the data in order to obtain information about the schools in usable form (digital and of manageable size; Fig. 1 ).
Generalized additive model regressions (GAM; Hastie and Tibshirani, 1990; Swartzman et al., 1994b) were used to investigate the relationship between various school parameters and environmental factors. GAM is a non-parametric regression method which relaxes the assumptions of normality and linearity inherent in linear regression. Any distribution from the exponential family may be assumed (includes normal, Poisson and binomial distributions). The dependent variable is assumed to be the sum of unspecified functions of the covariates and their interactions. Least squares fits in linear regression are replaced by smooths using local smoothers. Some obvious parameters to investigate, relevant to the organizing questions introduced earlier, were the school depth (m), school area (m 2 ), average target strength (a measure of internal school density), and an index of school biomass. Backscatter intensity is measured in the acoustic backscatter image. To convert it to biomass, the target strength (TS) of the fish must be known, a function of fish length (swim bladder size). Instead of doing this, I produced an index of school biomass by taking the logarithm of school backscatter intensity times the school area. The backscatter intensity, in units of voltage 2 , is converted to dB units, which are proportional to biomass, by taking the logarithm to the base 10.
School depth was modeled using bottom depth and latitude as covariates. For the other GAM regressions, the independent covariates were the school depth, the bottom depth at the school location, the latitude (used as a measure of location), the school temperature (estimated as described below), and their interactions. For all the above models the normal distribution was used for lack of a preferred alternative.
School temperature was not directly available. However, there was sufficient XBT and CTD coverage (Fig.  2) to estimate school temperature based on their depth and location. I used the local regression smoother ''loess'' to model temperature as a function of depth, latitude, and longitude and then used loess in predictive mode to ''interpolate'' on to the school locations. While linear interpolation or kriging might have given a better fit, the effectiveness of loess in this case depends on the smoothness of the temperature-depth profiles over depth and horizontal space.
Results from the GAM models are displayed as a set of effects plots, which show the best fitting smooth for the effect of a covariate on the parameter of interest. For main effects, one standard error bounds around the best fitting smooth curve are shown. Perspective plots, without error bounds, are shown for the interaction effects. The relative importance of the different covariates is reflected by the scale on the y-axis (z-axis for interaction effects). For each main effect, a ''rug'' is included as a set of tick marks along the x-axis, which indicate the locations of the data points used to compute the GAM smooth curve. The rug shows where data are dense and where they are sparse.
Results

School depth changes over space
What is the relationship between the depth distribution of fish schools, the location of the fish, and the depth of the water column? More specifically, is there any difference in depth preferences of fish schools north to south and are any such preferences affected by the depth of the water column?
The GAM model for expected school depth (for all fish schools north of 42 N latitude and deeper than 50 m) is: depth=s(bottom)+s(latitude)+s(bottom latitude), where s( ) denote smooths using a spline smoother (the GAM implementation used allowed a choice between a loess and a spline-smoothing method). Because of the large number of schools, a sub-sample of 10 000 schools chosen at random was used for this analysis. The GAM regression algorithm was not able to deal with a data set of 40 000 schools with multiple covariates. Taking several such samples showed that results did not change significantly with different samples. Both covariates and their interaction had a significant effect on school depth (p=0 for all effects; Table 1 ). As indicated in Figure 3 , the expected school depth increased with increasing bottom depth to 500 m, and decreased for greater bottom depths. Schools were deepest around latitude 46 N and were shallowest in the southern part of the survey (around 42 N). The significant interaction (Fig. 3 ) between latitude and bottom depth suggests that schools were deeper in deeper northern waters, and that in areas having bottom depths around 500 m school depth increased toward the south This analysis shows an increase in school depth going north to 46 N and going out along the shelf to the shelf break. Because larger fish migrate farther north (Dorn, 1995) , this regression suggests that schools of larger hake are deeper in the water column than schools of smaller hake. Interestingly, fish schools are not deeper beyond the shelf break. Instead, they are strung out in a band between 150 and 250 m in depth. Hake in this depth range may be drifting or swimming north aided by the California countercurrent (Dorn, 1995) , a northflowing summer current predominant below 100 m in the EBC (Hickey, 1989) . This picture is somewhat clouded because we have not classified the schools by species, let alone by fish size in the schools. The assumption of species dominance by hake is based on survey trawl data and experience (Anon., 1992; J. Traynor, pers. comm.) .
Environmental effects on school biomass
Are there discernible differences in the biomass of fish schools over space and in the internal density of the schools (i.e. average target strength) and, if so, are these affected by (a) the depth of the water column, (b) the depth of the fish schools, and (c) temperature through the water column? GAM regressions were used for an average school biomass index -log (area backscatter intensity) -individual school target strength, and school area. A random subsample of 10 000 schools was used to perform the regressions and results were robust to the sample choice. Significant covariate effects for the biomass model, including their interactions, are shown in Figure 4 (left panels) and significance values for all models are given in Table 1 . The relative magnitude of the vertical scales in Figure 4 indicates the relative importance of that variable to the school biomass. Individual biomass is the logarithm of average school area times average school intensity. The inclusion of both depth and temperature as covariates in this model bears further discussion because depth and temperature at any location are highly correlated. However, this relationship changes over space. Therefore, both temperature and depth are included as covariates to distinguish school depth preferenda from temperature preferenda. There is no a priori indication as to which is more important. In fact, the observed relationships between school parameters and these covariates may arise solely as the covariates influence a more direct factor, such as light or prey location.
School binning and clustering
Are fish schools clustered or randomly distributed? Does the degree of clustering change with changes in spatial scale? Does it change over space (north to south) or with changes in depth (i.e. deep to shallow)?
In acoustic stock assessment, and in determining the pattern of fish spatial distribution, a constant transect segment length, such as the echo sampling distance unit (ESDU), is commonly used (Scalabrin and Massé, 1993) . Summing data over ESDUs reduces the size of the data set, thereby easing analysis, but discards information about individual schools. Imposing an arbitrary spatial resolution on acoustic survey data limits further analysis because nothing can be said about relationships at smaller distances than the unit. Of course, the analysis is always limited by the spatial resolution of the sampling device but this is frequently much higher than the chosen ESDU. With data at the individual school level it is unnecessary to impose an arbitrary bin size on the data. Instead, clusters of schools can be identified and then examined for relationships to environmental factors, with the same GAM techniques used for the individual schools. The challenge is to develop an algorithm to identify school clusters. Following Powojowski (1994) , a threshold distance of 0.25 nmi was chosen as the distance, which, if exceeded, defined breaks between school clusters. This threshold distance produced a large number of clusters (over 2000) with a wide range of schools (1-2000+) in each cluster.
Clustering of schools is evident from examination of the backscatter images (Fig. 1) . Particularly for hake, strings of schools, mostly at the same depth, extend for miles. To test for evidence of clustering the Pearson 2 criterion was used which has a 2 distribution with m 1 (m being the number of bins) degrees of freedom. Here n is the number of schools in each bin.
Results for binning at 1 nmi, 2.5 nmi and 5 nmi all rejected the null Poisson hypothesis at the p=0.05 level and gave strong evidence for clustering, namely that there were more zeros (empty bins) and more bins with large numbers of schools than expected for the Poisson process. The 2 criterion was much larger than the 0.05 cut-off level in all three cases, being 36 737, 43 975, and 54 488, with cutoffs of 891, 1733 and 4228 for bins of 5, 2.5, and 1 nmi, respectively.
Environmental effects on clustered and binned school parameters
The GAM results for total school cluster biomass (log(school density * average school area * average school biomass)) and density (schools per cluster) were compared with identical GAMs done on schools binned into ESDUs of 1 and 5 nmi transect segments. Covariates for these GAMs were the average school depth, latitude, temperature, and bottom depth over the cluster or the ESDU.
The GAM model for total biomass (actually an index of biomass) was: log(intensity area density)=s(depth)+s(bottom)+ s(lat)+s(temp)+s(depth,bottom)+s(depth,lat)+s(depth, temp)+s(bottom,lat)+s(bottom,temp)+s(lat,temp)+
The denotes higher order interactions. All two-way covariate interactions were included in the model, although many of them were not significant at the p=0.05 level. Three-way interactions were not significant and were dropped from the final model (Table 1) . Results for total biomass in the 5 nmi transect segments and for school clusters are shown in Figure 4 . For GAM regressions on school density (schools per ESDU or cluster), the logarithms of the dependent variables were not taken. The school density GAM model assumed an underlying Poisson distribution, because spatial count data is often Poisson (Diggle, 1983; Cressie, 1993) . GAM model results, with significant covariate main effects and interactions, are shown in Figures 5 and 6 , respectively.
The results for the 1 nmi cases were similar to those for the 5 nmi case. The significance values for the 1 nmi biomass model are given in Table 1 , but the graphs are not shown.
Discussion
In contrast to the numbers of schools per cluster and the total school biomass in clusters, which were significantly affected by several environmental variables (Table 1) , the number of schools, total school area and total school biomass per area transected by the clusters (e.g. schools per unit area within clusters) were not significantly affected by environmental factors. Thus, differences in the effect of the environment on school clusters appears to be primarily on school density (numbers of schools per cluster), school biomass, and on the spacing between clusters, rather than on the per-unit-area school density (between-school spacing within clusters) or size of schools within the clusters.
Assuming that the school biomass and number are both dominated by Pacific hake, we can contrast the schooling pattern of larger hake farther north with smaller hake farther south. In the northern part of the survey, school clusters were larger (Fig. 5 ) and had more biomass (Fig. 4) than in the south. However, there was no significant difference between the numbers of schools per 5 nmi transect segment in the north and south (Fig.  5) . Since the 5 nmi segments contained a random sample of school clusters (or parts of clusters), the lack of a significant increase in numbers of schools per transect segment from south to north, while clusters were significantly larger, suggests that there were fewer clusters per unit transect in the north than in the south.
Although average individual school biomass was smaller in the north than in the south, school biomass per cluster and ESDU were larger in the north than in the south (Fig. 4) . What is happening here? Apparently, the smaller average biomass of the individual schools was overwhelmed by the larger number of schools in the clusters in the north, resulting in greater total biomass there than in the south.
The effects of several environmental factors on biomass and school numbers in clusters differ from their effect in ESDUs:
1. School numbers in clusters increased with increasing average school depth, while in ESDUs they decreased with increasing school depth (Fig. 5) . However, depth-latitude interactions suggest higher ESDU school density for deeper schools in the north and increased cluster school numbers for shallow schools in the south (Fig. 6 ). 2. The temperature-bottom interaction was also opposite for numbers of schools per cluster and per unit transect. This interaction indicates that school clusters had more schools in deeper waters when the school temperatures were high, while there were more schools per 5 nmi ESDU in shallow bottom waters at high average school temperatures. 3. Cluster school biomass was not significantly affected by bottom depth, while ESDU school biomass increased with increasing bottom depth. However, cluster school biomass increased with increasing average school temperature, while the variance for the ESDU school biomasstemperature relationship was so high as to make the relationship non-significant (Table 1) . 4. Bottom depth-temperature interactions were significant for both cluster and ESDU biomass. In deeper waters, ESDU biomass was smaller for schools at higher temperatures, while cluster biomass was smaller for schools at lower temperatures.
The cluster biomass results appear to be driven more strongly by school density (schools per cluster), which increased with increasing average school depth and temperature, than by individual school biomass, which decreased with increasing school temperature and did not change significantly with school depth changes. The connection between biomass and density effects is not so clear for ESDUs, probably because the arbitrary boundaries of an ESDU may result in spatially unrelated schools (e.g. schools from clusters at different average depths and temperatures) being lumped together. It seems reasonable that schools closer in depth to each other have more chance of interacting with each other and being in proximity than schools at different depths. The depth-similarity of many of the proximate schools in the original backscatter images (e.g. Fig. 1 ) supports this point of view.
The significant temperature-depth interaction for both cluster and ESDU school numbers (Fig. 6) shows that the number of schools per cluster tended to increase when the clusters were deeper and the average cluster school temperatures were low. However, the main effect of temperature in both cases argues that numbers of schools per ESDU or cluster increased at high school temperatures (Fig. 5) . Clearly, depth and temperature were closely related in any area. Shallow schools were at higher temperature, while deeper schools were usually at lower temperatures. However, intermediate temperatures can occur over a wide depth range. For example, the range of depths for schools at 6 C was 100-500 m, while schools at 5 C were all deeper than 250 m, and schools at 9 C were in the 50-120 m depth range. That there were more schools in clusters at higher temperatures, but also at greater depths (depth and temperature main effects), and when schools were deeper and at lower temperatures (depth-temperature interaction), suggests that the main effects were dominated by clusters at intermediate depths and temperatures where temperature and depth were not strongly correlated.
Individual school biomass increased with increasing bottom depth, and decreased with increasing school temperature (Fig. 4) . This closely followed the pattern for the effect of environmental factors on average school target strength (internal school density), and suggests that internal density (biomass packing in the school) was more important than school area in determining school biomass. Average individual school area was not significantly affected by any environmental variables except latitude (Table 1) , which suggests that school area was highly variable. Thus, school area appears to have introduced variance into the biomass data, making many of the interactions which significantly affected school target strength non-significant for biomass (Table 1 ).
The differences in results of GAMs for the three levels of spatial resolution -individual schools, school clusters and binned schools -highlights the importance of spatial scale in ascertaining distribution patterns. The arbitrary bin unit or ESDU is a less effective way than the school cluster unit to examine how fish spatial location is related to environmental factors, because of the potential heterogeneity of schools within the ESDU. Although the fish school is, for pelagic fish, an important spatial unit, it is transient (Radakov, 1973) . Within clusters, schools may form, split, and reform with different configurations (Swartzman, 1991) . However, there appears to be some spatial range over which fish schools interact and beyond which they are effectively separatethe school cluster. How this distance is gauged, and what holds a population of schools together, remains to be studied. Further study on pelagic fish schools needs to focus on the identification of school clusters and the exploration of their dynamics.
